Abstract: Phenotypic studies require large datasets for accurate inference and prediction. Collecting 1 plant data in a farm can be very labor intensive and costly. This paper presents the design, architecture 2 (hardware and software) and deployment of a distributed modular agricultural multi-robot system 3 for row crop field data collection. The proposed system has been deployed in a soybean research 4 farm at Iowa State University. 
Figure 1. Deployment strategy of robotic phenotyping system
In the remaining part of the section, we provide details regarding the rover and the MARS. For phenotyping studies in row crop field, the critical requirement of the robot is that it must 79 fit in between two crop rows and take images without running over the crops. The target soybean 80 plants can grow up to 60cm. The robot must be able to carry a 1 Megapixels RGB camera at 120cm 81 height. Uneven ground and small obstacles should not affect the camera view angle and image quality.
82
The robot has to work in conditions when the ground is damp and muddy. It should maintain high 83 mobility in such condition. The robot also needs to have enough power to be able to navigate the 84 entire field. It must navigate in the field autonomously with minimum human interaction. However, a 85 human operator should be able to override or stop the robot if necessary. The collected images have to 86 be processed on-board with geo-tag and timestamp, and transmitted to a computer. The length of the MARS is3.78m and the span of is 1.86m so that it could span over two consecutive 
Transmission and actuators

155
Due to the high power density of hydraulic drive systems the vehicle is chosen to be a two wheel hydro static drive. The hydraulic system is controlled by our micro-controller through PWM channels, so that the MARS can be controlled by Cy-Eye system 2.3. In this section a preliminary calculation of torque and traction requirements is done. With an assumed mass of 680.38 kg the force that needs to be applied to overcome gravity can be calculated from the following equation. From the above equation we obtain the force to be 3337.26 N. The electric motor must also overcome the rolling resistance of the track. The coefficient of rolling resistance is assumed to be .5 (Car tire in sand = .5). The force of rolling resistance can be calculated from the following equation
From the above equation we obtain the force to overcome the rolling resistance as 3337.36 N. Thus the total force is equal to 6674.52 N. Assuming an average speed of 5 ft/s and wheel diameter of 2.08 feet, the RPM required is given by the equation RPM = (60 f ps)/(πD)
Where f ps denotes feet moved per second and D denotes the wheel diameter. From (3) the required RPM is 46. The average mechanical Horse Power (HP) is calculated from the product of force required and velocity -13.63. Thus the torque from the HP and RPM is given by the equation
T is equal to 2110 N-m which is easily realizable by a pump of maximum pressure 2.5Kpsi. The problem of finding the overcoming force for traction is solved in a manner similar to the motor torque problem. The force pushing the rover down the incline of 30 degrees will be same as from (1). Traction force must overcome this force for the rover to move up the hill. The coefficient of friction between a rubber track and loose soil is found to be .8. The Traction force can be calculated from the following equation the above two forces. Since the force is greater than the force pushing the rover down the hill, the rover 157 will be able to climb the hill. 
Auto-steer
159
In this section, the automatic steering system for the phenotyping robot is described. connected to a common bar using revolute joint. The common bar connects both the wheel hubs 181 using two revolute joints.
182
Three possible options were evaluated for implementing the auto steer: 183 1. External electro-mechanical system on top of steering wheel: In this system, a sprocket would 184 be welded to the base of the steering wheel rod, and a chain drive would be connected to an image quality. It consists of five main subsystems: The camera system, he camera platform system, the 210 shading system, the camera movement system and, the camera mount and lighting system. The hyperspectral camera used in research is a Pika XC line scanning imager from Resonon.
213
The hyperspectral camera captures data in the form of layers, at a wider range than the visible light 214 spectrum. Line scanning means that the stage moves while the camera is stationary and the image is 215 collected one line at a time. This camera captures a range from 400-1000 nm divided into 240 wavebands. to the rover and not the camera movement system. Separating the shading from the camera frame 253 ensured that the hyperspectral camera would be under the most ideal conditions possible in an outdoor setting. Mounting the shading frame to the heavy rover also mitigated the risk that the shading system 255 would tip over. Next, the shading material was chosen to minimize the risk of tearing, degrading 256 due to exposure to the sun, the ability to block out light, and ability to minimize heat build-up from 257 exposure to radiation from the sun. The BOLD, blackout light deprivation tarp, made by Americover 258 was found to be the ideal solution. The BOLD tarp is specially designed for greenhouses. The tarp 259 is made from a mix of polyethylene resins and is scrim reinforced. This ensures that the tarp is tear 260 resistant and is strong enough to withstand the expected conditions, and polyethylene also does not 261 degrade in sunlight. The tarp consists of two layers. First, the inner black layer contains carbon black 262 which ensures total light deprivation. Next, the outer layer is white and contains UV inhibitors and 263 thermal stabilizers to reduce heat and condensation build-up. The Bold tarp was specially designed to 264 minimize every risk that had been identified with the shading material, and that is why it was chosen.
265
The geometry of the shading system is shown in Figure 11 . It was chosen in order to minimize size,
266
limit light introduced to the hyperspectral camera, and fit around other parts of the rover. 
Camera Mount and Lighting System
268
The camera and lighting system was constructed in two main assembles. One of the assemblies 269 was the fabrication of the lighting frame. This frame was constructed using 1 inch outside dimension 270 square 6063 aluminum tubing with 1/8-inch wall thickness. This material was selected because it 271 provided flat surfaces for simple fastening of the sections using aluminum corner brackets and for 272 mounting the lights to while also being a lightweight material that kept the weight of the lighting 273 frame to a minimum Four purchased corner brackets and 16 1/4-20 bolts are used to construct the 274 frame into a square which measures 9 in on the inside and 11 in on the outside. This frame will be Figure 11 . The shade design for camera platform assembled to the camera bracket in a way that the light frame will completely encompass the bracket 276 and the hyperspectral camera as shown in figure 12.
277
The second major assembly of the camera and lighting system is the camera bracket which is 278 a mount that secures the hyperspectral and GoPro cameras to the camera movement system. This 279 bracket is comprised of two 1/4-inch-thick A36 low carbon structural steel that are cut and drilled to 280 specific dimensions and two equal sized support bars of 1018 steel cut to the proper dimensions. One 281 plate is fabricated to hold both the Pika XC hyperspectral and GoPro cameras while the other plate is 282 fabricated to fasten the camera mounting plate to the camera movement system and to secure the belt 283 for the horizontal pulley system. A 1 foot by 2-foot plate of the A36 steel was purchased and cut to the 284 size using a combination of the band saw and horizontal band saw. To secure the lighting frame to 285 the camera bracket, a steel brace was designed. This brace was fabricated from a 1/8-inch-thick steel 286 plate and is cut to be 9-inch-long and 1 inch wide. Two tabs of the same material were fabricated to 287 be 2-inch-long and 1 inch wide. The tabs were fixed to the 9-inch brace component with the use of
288
MIG welding only to the inside of the seams of the tabs and back. Finally, once both subassemblies 289 are built, and assembled to one another the cameras and lights were secured in the proper locations 290 using bolts which have been purchased. The Pika XC camera had a 3D printed housing created from a 291 SolidWorks CAD model. The inside of this housing will possess a layer of the vibration isolation pad 292 to additionally limit vibration to the camera. Another layer of the isolation pad will also be placed 293 between the metal of the camera bracket face plate and the camera housing for the same purpose. The 294 vibration isolation pad will be cut using shears and a hole drilled using a drill press. Gorilla glue will 295 be used to adhere the pads to the surfaces. 
Camera Motion Control
297
Here we provide a brief overview of the factors involved in camera motion control system through 298 figure 14. Through proper experimentation each of the relevant control parameters were found out.
299
Additional option is presented to users of the system to change the parameters as they wish. 
309
Let u and v be the coordinates with respect to the centre of gravity of the vehicle and (x,y) be 310 the coordinates in the frame of RTK-GPS. Figure 9 shows the frames and the associated directions.
311
From [16] , the kinematic equations combined with the dynamic equations can be obtained and written
312
in the state-space form as the set of following equations 
Thus v 1 and v 2 are the two control variables. g(t) and h(t) are arbitrary functions of the variables u, v 1 ,v 2 and φ .More precisely, v 1 is the input voltage to the linear actuator that controls the throttle to the pump which in turn controls the flow rate to the hydraulic motor and hence the driving force of the MARS. v 2 is the input voltage to the three way solenoid controlled on-off valve which actuates the hydraulic ram in either direction and hence varies the steering angle φ of the MARS. The load torque on the hydraulic motor when the flow is varied using a valve is given by the valve control of motor motion (VCMM) equation as follows.
In the control law formulation, P s will be assumed to be constant throughout operation over time. Also the motor displacement is constant over time. In the simplest case it is assumed that the valve coefficient is linearly proportional to the displacement x of the linear actuator and the force exerted by the linear actuator is directly proportional to the applied control voltage v 1 . Also it may be assumed that load torque at the output of motor is directly proportional to the driving force and rpm from the equation above is directly proportional to the velocity along the axis of the vehicle u. This gives rise to three states as shown in the following equations.
As mentioned in the section of autosteer, the three way hydraulic valve can be assumed to contain For controlling the 3 way valve a bidirectional needle valve is used and the number of turns on the needle screw is linearly proportional to the flow rate across the valve. The flow rate across the valve and to the piston affects the pressure difference across the piston which varies according to the square of flow rate. If the needle valve is controlled by a linear actuator, the force on the screw is proportional to the control voltage v 2 . To summarize, we have the following set of equations for the states.φ
In the above equations C is the damping constant for the hydraulic circuit, and K p is the constant Figure 16 . Architecture of Cy-Eye.
Micro-Controller and Sensors
347
The micro-controller on-board is a common Linux-based computer, Raspberry information on position, attitude, and sensors data for multiple vehicles. It can also be used to control 383 robots in experiment. We customized the ground control station for uploading mission commands.
384
In addition to receiving flight control commands from computers, this architecture is also flexible. defines the nearness or similarity of data points.
416
We formally describe how to use GP for prediction. Let S = {(x i , y i )} n i=1 , x i ∈ R d , y i ∈ R be a training set, where y i is an observation of Gaussian Process of f (x) ∼ GP (0, k(x, x )) at location x i . k(x, x ) is defined as the covariance function of a real GP of f . We assume a noisy version of measurement of y i as follows
where i s are i.i.d White noise variables with variance σ 2 n .
417
be a set of i.i.d. test data set obtained from the same unknown 418 distribution as S. For compactness, let 
where
is the n × n identity matrix.
425
The last relation follows from that the sums of independent Gaussian random variables is also
426
Gaussian.
427
Applying the rules for conditioning Gaussians, the predictive equations can be obtained that
where,
Based on the discussion above, typically the covariance functions have some free parameters. For this work we select squared-exponential covariance function as
where A = diag(γ) −2 . One can determine the level of correlation by the parameters γ for each 429 dimension of p and q. σ 2 f and σ 2 n represent the variances of the prediction and noise, respectively. δ pq is
430
the Kronecker delta function that is 1 if p = q while 0 otherwise.
Estimation of Hyperparameters
432
Based on the above discussion in the last section, we have hyperparameters σ 2 f , σ 2 n , γ to be estimated. Let w {σ 2 f , σ 2 n , γ}. High accuracy of estimation of hyperparameters in the covariance functions can improve the model describing the underlying environment. In this context, we adopt the k-fold cross-validation (CV) [22] via maximum likelihood estimation to solve the problem. As the training data set is only available to be used for estimation, we discuss an extreme case of the k-fold cross-validation (CV) where k = n, the number of training points such that leave-one-out cross-validation (LOO-CV) is correspondingly used. The log-likelihood of LOO is as follows
where y −i denotes all outputs in the training data set except the one with index i. The explicit form of logp(y i |X, y −i , w) can be seen in [23] . For obtaining the optimal values of hyperparameters w, we use the gradient descent method as follows
where α(t) is the step size, g j (w j (t)) is the partial derivative of L at w j (t) for j-th hyperparameter set. 
Informative Motions
434
Robot motions are determined by informative sampling locations, which directly affects the path planning for a robot. For tackling the challenge of future informative sampling locations, a field can be regarded as a discrete grid map in which each grid identifies a possible sampling location. According to the GP, the mean and variance information associated with the measurement at each grid can be predicted accordingly. However, the selection of sampling location is another issue such that an information-theoretic metric for quantifying the information between the sampled locations and unsampled locations is Mutual Information (MI). We formally summarize the MI between two data sets, M and N as follows:
where H(M, N), H(M|N) are entropy and conditional entropy, respectively which can be calculated by
where B is the size of M. One can calculate the covariance matrix Σ MM and Σ M|N via the posterior GP 435 in Eq. 12.
436
In light of the MI metric, to at most level obtain the information of true model, it is equivalent to finding new sampling points in the unsampled part that can maximize the MI between sampled locations and unsampled part of the map. We denote by X the entire space (including all grids) and by D a subset of X with a certain size |D| = n. Therefore, the set of D includes the most mutual information required for generating the best predictive model. Thus, the following optimization problem is obtained
where D represents all possible combinatorial sets, each of which is of size n.
To solve the optimization problem described above, one can adopt dynamic programming Divide X * into two parts and customize one part of X z * and X into N while another part of X * into M
6:
Use posterior GP Eq. 12 to calculate the covariance matrices in Eq. 17 7: end for 8: Solve the Eq. Let us consider a field containing m rows and n columns. The field can be represented as a graph.
450
Each node in the graph is a location of a canopy. We allow only one robot on a node at the same time 451 to avoid collision. Since the distance between any two adjacent columns in the field is not enough for a 452 robot, the robots can only travel in between the rows, which means that they can only switch their 453 rows on the two headland, illustrated in Fig. 20 , at the end of each row. The nodes in the graph are 454 not adjacent to the nodes above and below them, except the ones on the left and right most columns.
455
The two headlands are called left path and right path. We have k robots and k goal points in the field, 456 k ≤ m × n. We use a set A to represent the robots and a set B to represent the goal points. For each robot r ij ∈ A such that i ∈ m, j ∈ n, in general, Breadth-first-search algorithm can be 459 used to calculate the distance between the robot r ij and any target t uv ∈ B such that u ∈ m, v ∈ n.
460
However, in the row-crop field, a robot can either run towards the left or right, so it has two possible routes to reach to each target. We select the shorter of the two paths. We use the distances to create a 462 cost matrix for each robots and goal points by using the following algorithm. for each r ij do 3:
for each t uv do 4: The planning algorithm has to ensure that two robots do not collide while they travel on their 468 respective paths. Before we propose our scheduling algorithm, we present the following properties The reassignments do not change the sum of path lengths, and do not increase the total time required 483 to complete the task. distance remains unchanged, the total time required to complete the task will not increase either.
2. Consider the same labeling as in the previous case. Goal g n is assigned to robot r m , g n−1 is 494 assigned to r m−1 , g n−2 is assigned to r m−2 , and so on, until g n−m+1 is assigned to r 1 . After reassignment, collision will never happen on rows. For the collision on left and right paths,
502
we propose a strategy that allows the robot that has higher priority to move on to the node that is 503 going to cause collision. The robot that is going to travel more distance has higher priority. Before 
508
By using these strategies, the total traveling distance for all the robots should still be minimized.
509
The total time taken to complete the entire task is the maximum of each individual robot's task plus 510 the total waiting time caused by collision avoidance. The path planning algorithm for minimizing the sum of total traveling distance over all robots is 513 O(n 3 ), where n is the number of robots. The COSTMATRIX in Algorithm 2 will take O(n 2 ) time for 514 constructing the cost matrix. Given the cost matrix, we compute the optimal assignment by Hungarian 515 algorithm in O(n 3 ) [24] steps. Reassignment process in Lemma 1 takes O(n log n) since we need to 516 sort all the robots and goal points. Therefore, the entire path planning algorithm is O(n 3 ). 
525
The initial positions of the robots are randomly selected. The set of points that need to be visited 526 by the robots are generated by Algorithm 1. Paths and waypoints for each robot are output of the 527 path planning algorithm, described in 2.7.4. Since the waypoints for each robot are generated off line 528 from Mission control 18, a human operator with a laptop only needs to start or stop data collection by 529 toggling a button on graphic user interface. Each robot follows the given waypoints and collects data. 
Simulation
533
In this section, we presents the result for path planning algorithm. In our simulations, we consider 534 a planar environment as our field, and our goal is to estimate the distribution of a scalar field based 535 on adaptive sampling with a group of mobile robots equipped with sensors. The environment and 536 the scalar function can be a agricultural plant area and any phenomena which is distributed spatially, 537 respectively. We consider the scalar function as the distribution of an IDC value in a farm field.
538
In order to show the effectiveness of the proposed algorithm, we use synthesized data, generated 539 based on 2D Gaussian distribution. We assume that the intensity of the scalar function is in proportion 540 to the probability density function of a bimodal Gaussian distribution with the following mean and 541 covariance values.
We discretize the field into a grid map, and we associate each grid with a target value which with increase in the number of iterations.
553
In the second simulation, we examine the real data, collected from a soybean field. Fig 22 shows 554 the sample data we collected from the real soybean field by using a rover. Fig 25 shows the real 555 distribution of IDC value in the field. The intensity of yellowness in each plant is quantified between 556 0 and 5 as IDC value. We apply our algorithm on a field, which is a 8 by 39 grid points. We pick 30 557 points randomly as a training set. In order to get a new sample point, we follow the Algorithm 1, and 558 it leads to the informative path. Step 10
Step 15
Step 20
Step 25
Step 30
Step 35 Figure 24 . Histogram of error. 
MARS performance
566
In this section we present a detailed summary of MARS as a vehicle and its performance and 567 resource usage in the worst case scenario. Table 2 while describing all the subtasks demanded from 568 the robot, also sets benchmark metrics for doing such tasks. 
Conclusions
571
In this paper, we presented the design, construction and deployment of a lightweight distributed 572 multi-robot system for row crop phenotypic data collection. Next, we presented an entropy-based 573 informative path planning technique for the robots to navigate in the field. This involves a Gaussian 574 process model for the robots to sample the field to obtain the goal positions of each robot. Next, we 575 proposed a collision-free path planning algorithms for the multiple robots to reach their goal positions 576 in a row crop field. Finally, we presented a deployment scenario for the robots in the field. Koushik Nagasubramanian for hyperspectral images. The authors would also like to thank the undergraduate 585 students involved in ME Capstone projects for conceptual design of MARS.
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